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INTRODUCTION
Genome-wide association studies (GWAS) are an important approach for identifying genetic variants associated with complex human diseases. Recently, meta-analysis of GWAS has been used to obtain collective evidence from the multiple GWAS studies (Lohmueller et al., 2003; Houlston et al., 2008; Zeggini et al., 2008; Lindgren et al., 2009; Lin and Zeng, 2010; Stahl et al., 2010; Willer et al., 2010; Nalls et al., 2011; Qayyum et al., 2012) . Unfortunately population stratification in the studied samples can lead to spurious associations in disease studies (Cardon and Palmer, 2003; Freedman et al., 2004; Marchini et al., 2004; Price et al., 2006) . To control the spurious associations caused by population stratification in meta-analysis of GWAS, genomic control (GC) correction within each study (which is referred to as single GC correction) has been used (Devlin and Roeder, 1999; Devlin et al., 2001; Reich and Goldstein, 2001; Devlin et al., 2004; Lindgren et al., 2009 ). However, the GC correction method cannot effectively control false positive rates and may lead to a loss in power (Price et al., 2006; Mägi and Morris, 2010; Willer et al., 2010) . Therefore, a double GC correction method has been proposed and implemented in the widely used meta-analysis software METAL and GWAMA (Mägi and Morris, 2010; Willer et al., 2010) . The double GC correction method adjusts the set of test statistics across all markers within each study by a GC inflation factor, calculates a combined statistic across studies at each marker, and then adjusts all combined statistics across the genome by the corresponding GC inflation factor. The double GC correction method has been used by many investigators in their meta-analyses (e.g., Lindgren et al., 2009; Mägi and Morris, 2010; Willer et al., 2010; Lettre et al., 2011) . To adjust for stratification in meta-analysis of GWAS, another popular approach is the principal component analysis (PCA) correction method that adjusts for stratification by top principal components (PCs) of genotype data within each study (Price et al., 2006; Wang et al., 2009; Qayyum et al., 2012) .
In this research, we compared the single GC correction, the double GC correction and PCA correction in meta-analysis by simulation studies and applied these methods to a meta-analysis of two real data sets from the Atherosclerosis Risk in Communities (ARIC) project and the Multi-Ethnic Study of Atherosclerosis (MESA) project. Results from simulations and real data analysis suggest that when population stratification exists, using double GC correction can have inflated false positive error rates at markers with significant allele frequency differentiation in the subpopulations (such as caused by recent strong selection), and can have lower power than using the PCA method for stratification correction in meta-analysis.
MATERIALS AND METHODS
We consider K case-control studies with n k individuals in the k th study (k = 1,2, . . . ,K) and N single nucleotide polymorphisms (SNPs) in each study. In the k th study, let Y ik denote the disease status (1 = disease, 0 = no disease) of the i th individual, let g ijk denote the additive genotype coding value (the count of reference alleles) at the j th SNP of i th individual (j = 1,2, . . . ,N,i = 1,2, . . . ,n k ), and let X ik = (x 1k ,x 2k , . . . ,x sk ) T denote a vector of s covariates.
In this research, we focus on fixed-effect meta-analysis, i.e., we assume that the allelic effects at a test marker are the same across all studies. In the k th study, we use the following logistic regression model
where α 0k is the study-specific intercept, α k is the coefficient vector corresponding to covariate vector X ik , and β kj denote the genetic effect (log odds ratio) of the reference allele at the j th SNP in the k th study. We can estimate β kj and var(β kj ) at the j th SNP based on the logistic model (Eq. 1). Thus, the combined allelic effect B j at the j th SNP across K studies, can be calculated as
where w kj is a weight for the genetic effect β kj and w kj = var β kj −1 is the inverse of the variance of the estimated allelic effect in the k th study. The variance of B j is estimated by V j = (Σ K k=1 w kj ) −1 and its estimated standard error SE j is the square root of variance V j , i.e., SE j = V j . Therefore, the combined statistic χ 2 j = B 2 j /V j has an approximate χ 2 distribution with one degree of freedom (Mägi and Morris, 2010; Willer et al., 2010) .
GC CORRECTION IN META-ANALYSIS
To adjust for population stratification, in the k th study, we can calculate the statistic χ 2 kj = β kj /SE kj 2 at the j th SNP (j = 1,2, . . . ,N ), and then calculate a GC inflation factor λ k that is the median of these statistics χ 2 kj (j = 1,2, . . . ,N) divided by its expectation under the null hypothesis of no association, which is 0.455 (Devlin and Roeder, 1999) . To adjust for stratification within each study in the meta-analysis, we can calculate a corrected weight at the j th SNP in the k th study as w kj = w kj /λ k (see also Section "Materials and Methods" for the calculation of w kj ) and calculate the combined allelic effect B j by using w kj to replace w kj in Eq. 2 correspondingly, the variance of B j can be calculated as V j = (Σ K k=1 w kj ) −1 . The combined statistic χ 2 j = B 2 j /V j can be calculated for meta-analysis (j = 1,2, . . . ,N).
DOUBLE GC CORRECTION IN META-ANALYSIS
After GC correction in each individual study as described above, the combined statistics χ 2 j (j = 1,2, . . . ,N ) may still have overdispersion which is caused by population stratification. Therefore, investigators proposed to further adjust the combined statistics χ 2 j by the corresponding GC inflation factor λ, which is the median of the combined statistics χ 2 j divided by 0.455 (Mägi and Morris, 2010; Willer et al., 2010) . This process corrects for stratification twice and is called double GC correction. Price et al. (2006) proposed to correct for stratification by PCA in GWAS analysis. For meta-analysis of GWAS with K (>1) casecontrol studies of population stratification, PCA has been used to correct for stratification within each of the K studies (Qayyum et al., 2012) : for each of the K studies, we can calculate the PCs (Jackson, 2003) of genome-wide genotype values for each individual and use the top 10 PCs as covariates, as suggested in the literature (Price et al., 2006; Liu et al., 2011; Qayyum et al., 2012) , to correct for population stratification by incorporating these covariates (top 10 PCs) into the logistic regression model (Eq. 1). Meta-analysis for the K studies can be conducted based on this modified model.
PCA CORRECTION IN META-ANALYSIS

SIMULATION STUDIES DATA SIMULATION
To evaluate the performance of the single GC correction, double GC correction, and PCA correction in meta-analysis of data with population stratification, we simulated datasets on K casecontrol studies in a similar way to those described in Pritchard and Donnelly (2001) and Price et al. (2006) . Individuals in each of the K case-control studies were sampled from two populations. For each dataset we simulated 100,000 independent random SNPs. To generate each of these SNPs, we used the Balding-Nichols model with F ST = 0.01 (Balding and Nichols, 1995) to generate allele frequencies f s for populations s(s = 1, 2) which was drawn from a beta distribution with parameters f s (1 − F st )/F st and (1 − f s ) (1 − F st )/F st . F ST = 0.01 usually leads to allele frequency differences under 0.10 for typical common SNPs (Price et al., 2006) . At each of the random SNPs, we assumed Hardy-Weinberg equilibrium in each population, and individuals from populations were assigned genotypic values of 0, 1, or 2 with probabilities (1 − f s ) 2 , 2f s (1 − f s ), or f 2 s , respectively. For the PCA correction, we used these 100,000 random SNPs to calculate the first 10 PCs, which were used as covariates in the analysis.
Meta-analysis with two case-control studies (K = 2)
We first simulated two case-control studies. In each study, 60% of the cases and 40% of the controls were sampled from population 1 and the remaining cases and controls from population 2.
Meta-analysis with K = 5 case-control studies
To evaluate the performance of the three correction methods in meta-analysis with K (>2) studies, we simulated datasets on five case-control studies. Each of the five studies had 1000 cases and 1000 controls. For each case-control study, a proportion of cases and a proportion of controls were sampled from population 1, and Frontiers in Genetics | Applied Genetic Epidemiology the remaining cases and controls were sampled from the population 2: in the first study, 55% of the cases and 45% of the controls were sampled from population 1; in the second study, 70% of the cases and 30% of the controls; in the third study, 60% of the cases and 40% of the controls; in the fourth study, 70% of the cases and 30% of controls; in the fifth study, 60% of the cases and 40% of the controls.
TYPE I ERROR RATE EVALUATION
To verify the effectiveness of the three stratification correction methods in meta-analysis, we simulated replicated data sets. Each data set contained 100,000 independent random SNPs (as described above) and an additional test SNP (which is not associated with the disease). We simulated the test SNP by the following four scenarios: in the first scenario, the test SNP was simulated in each individual by the same way as that for the random SNPs described above using the Balding-Nichols model with F ST = 0.01; for the second, third, and fourth scenarios, we assumed that the test SNP had significant different allele frequencies in populations 1 and 2, which could be caused by recent strong selection (see also Price et al., 2006) . In scenario 2, the frequencies in populations 1 and 2 were 0.4 and 0.2, respectively; in scenario 3, frequencies were 0.6 and 0.2; in scenario 4, frequencies were 0.8 and 0.2. For each scenario, we computed type I error rates of meta-analysis using the three correction methods (PCA, single GC correction, and double GC correction) separately, under a set of combination of parameters (numbers of cases and controls in the two studies). For each combination of these parameters, we simulated 10 8 replicated data sets to estimate the type I error rates at significance levels of 10 −5 and 10 −6 . We did not use the significance level of 10 −7 because estimating accurate type I error rates at this level requires at least 10 9 replicated data sets. This is computationally intensive.
Type I error rates for meta-analysis with two case-control studies (K = 2)
Detailed results are listed in Table 1 , which shows that using PCA correction can control the type I error rates well. However, using the single GC correction or double GC correction, the type I error rates could be controlled only in the first scenario in which the test SNP was randomly generated with no association with disease. For other three scenarios in which populations 1 and 2 had significant different allele frequencies at the test SNPs, both single GC correction and double GC correction had inflated type I error rates; the type I error rates could increase to almost 1 when the allele frequency differences between populations 1 and 2 increased. For example, when both studies had 1000 cases and 1000 controls, the populations 1 and 2 had allele frequencies of 0.6 and 0.2 at the test SNP, respectively, and the nominal significance level was 10 −6 , the type I error rates of meta-analysis using the PCA correction, single GC correction, and double GC correction were 7.70 × 10 −7 , 0.585, and 0.591, respectively. Type I error rates for meta-analysis with five case-control studies (K = 5)
We estimated the type I error rates for meta-analysis with K = 5 case-control studies. The detailed results are shown in Table 2 . We can see the type I error rates had similar pattern to that for meta-analysis with two case-control studies described above.
POWER EVALUATION
To evaluate power of meta-analysis using the three stratification correction methods, we simulated 10,000 replicated datasets. Each data set contained 100,000 independent random SNPs (described above) and a causal SNP. We simulated the causal SNP by a similar method of Price et al. (2006) . We used the Balding-Nichols model with F ST = 0.01 again to generate allele frequencies for populations 1 and 2. We generated genotypes at the causal SNP by using a multiplicative disease risk model with a relative risk (R) for the causal allele as follows: genotypic values of control individuals were generated as those for random SNPs described above. Case individuals were assigned genotypic values 0,1, or 2 with relative probabilities
s . The power of meta-analysis was estimated based on 10,000 replicated datasets at significance levels of 10 −5 , 10 −6 , and 10 −7 , respectively.
Power evaluation for meta-analysis with two case-control studies (K = 2)
We considered various numbers of cases and controls and a set of relative risk values (R = 1.2, 1.3, 1.4, 1.5) at the causal SNP in the two studies. The results are summarized in Table 3 . The power of meta-analysis using PCA correction is much higher than both that using single GC correction and that using double GC correction. For example, when Rs in the two studies were 1.3 and 1.4 and both studies had 1000 cases and 1000 controls, the power of meta-analyses using PCA correction, single GC correction, and double GC correction were 0.6386, 0.1709, and 0.18, respectively, at the significance level of 10 −7 .
Power evaluation meta-analysis with five case-control studies (K = 5)
For the meta-analysis with five case-control studies, we only considered eight combined relative risk values (see Table 4 ). Each of the five studies has 1000 cases and 1000 controls. The results from five case-control studies also demonstrated the power of meta-analysis using PCA correction is the highest among the meta-analysis using the three correction methods.
ANALYSES OF TWO REAL DATA SETS
We performed meta-analysis of GWAS for two real data sets on European Americans drew from the ARIC and the MESA projects. We chose hypertension as phenotype and gender, age, body mass index, waist circumference, and smoking status as covariates in the logistic regression model (Eq. 1). There were 9,526 subjects with 839,173 SNPs in ARIC project and 2,397 subjects with 577,627 SNPs in MESA project. We first extracted 414,363 SNPs with minor allele frequency ≥0.05 and shared by the two data sets, and focused our analyses on these SNPs. Among these 414,363 SNPs, 3,295 SNPs were not concordant in terms of positive or negative strand in the two data sets. So we flipped the strands for these SNPs in MESA. In our research, an individual was defined with hypertension if systolic blood pressure ≥140 mm Hg, diastolic blood pressure ≥90 mm Hg, a self-reported history of hypertension or current use of antihypertensive medications (Schroeder et al., 2003; Kramer et al., 2004; Mujahid et al., 2011) . We removed the subjects with missing phenotypes and multiple copies of the same subject from ARIC and MESA datasets and excluded 212 subjects as outliers from ARIC and 19 subjects as outliers from MESA if at least one of the first 10 PCs of the subject is out of the interval [μ − 6σ ,μ + 6σ ], where μ and σ are the mean and standard deviation of a PC, respectively. Finally, there were 2,780 cases and 5,881 controls left in ARIC with GC inflation factor λ = 1.04967 and 920 cases and 1458 controls left in MESA with λ = 1.07127. As an ancillary illustration of population stratification in the two data sets, we plotted the first two PCs of all subjects in each data set (as shown in Figure 1) . The figure indicates that there is stratification in these two data sets. In the data analysis, genotype coding value at each SNP was defined as the count of the reference allele.
In meta-analyses of GWAS for the two real data sets, we used PCA correction, single GC correction, and double GC correction for the stratification, separately. The top eight SNPs with p-values <10 −5 in at least one of the three meta-analysis methods are displayed in Table 5 . At each of the eight SNPs, meta-analysis with PCA correction had much smaller p-value than that with double GC. This may indicate that meta-analysis with double GC correction for stratification is not as effective as that with PCA.
DISCUSSION
In this research, we evaluated the performance of three methods for correcting for population stratification (PCA correction, single GC correction, and double GC correction) in meta-analysis of GWAS by simulation studies. Our results demonstrate that both the single GC correction and the widely used double correction cannot control type I error rates in meta-analysis, when the test SNP has significant allele frequency differentiation in the subpopulations in the case-control data. On the other hand, the PCA correction can control type I error rates well. In addition, when population stratification exists in the case-control data, using double GC method usually results in much lower power than using the PCA correction in meta-analysis, even though the casual SNP does not have significant allele frequency differentiation in the subpopulations. We note that Price et al. (2006) reported similar results in single GWAS analysis. Therefore, the double GC method is not effective to correct for stratification in meta-analysis.
Although the PCA correction method works well for correction for stratification in meta-analysis, it may need more than 5,000 SNPs to calculate PCs for each individual (Price et al., 2006) . This may be challenging in replication studies with meta-analysis in which usually only a small set of significant SNPs identified from previous meta-analysis are collected and tested. If population stratification exists in the data for replication meta-analysis, we would suggest collecting additional 5,000 or 10,000 independent SNPs to calculated PCs for each individual, and use these PCs to correct for population stratification when testing the small set Frontiers in Genetics | Applied Genetic Epidemiology Table 3 | Power of meta-analysis of GWAS for two studies using PCA correction, single GC correction (1 GC), and double GC correction (2 GC) at significance levels of 10 −5 , 10 −6 , and 10 −7 . of promising SNPs identified from previous meta-analysis. As can be seen from the results described above, using PCA correction controls type I error rates well, and more importantly can have increased power in meta-analysis compared to the widely used double GC correction. When evaluating the three methods for correcting for stratification in meta-analysis for case-control studies, we only considered the fixed-effect model and the additive genetic model for case-control designs with binary traits. We expect that the conclusion will also hold for quantitative traits. We plan to consider random-effects model in meta-analysis and the dominant, recessive genetic models for evaluating the three methods for population stratification correction used in meta-analysis in our future study.
Study
In our simulation studies, we did consider cryptic relatedness among individuals. Since GC method can be useful for controlling spurious association caused by relatedness in the data, investigators proposed a "PCA + double GC" method to control the spurious association findings in meta-analysis as follows: 1 to perform PCA adjustment for population stratification in the individual study association analysis, followed by a GC correction on the genome-wide results, 2 to perform a GC correction on the combined statistics over all studies by the corresponding GC inflation factor λ (see Materials and Methods). Although this "PCA + double GC" method may control type I error rate well, it may not maximize power to detect true associations in meta-analysis (Price et al., 2010) . To adjust for the cryptic relatedness and population stratification in meta-analysis, a better choice may be using the mixed model approaches, such as the EMMAX and TASSEL software (Kang et al., 2010; Zhang et al., 2010) .
